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Abstract
In this paper, we propose a method to construct an unweighted co-expression network that considers both positive and negative
correlation among gene expressions. A measure named NCNMRS(Negative Correlation aided Normalized Mean Residue Similar-
ity) is introduced. The measure can detect both of these correlations and it is used to determine whether a pair of genes are highly
correlated either in terms of positive correlation or negative correlation. A greedy technique is also proposed to extract modules
from unweighted network. The technique picks a pair of genes with next highest NCNMRS score at a time such that none of the
genes in the pair has been included in any network module extracted so far and extends this partial module to a complete network
module including genes with high connectivity into the partial module. The technique was applied on a number of real life gene
expression datasets and the results have high biological relevance.
c© 2012 Published by Elsevier Ltd. Selection and/or peer-review under responsibility of Department of Computer Science &
Engineering National Institute of Technology Rourkela, India.
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1. Introduction
Gene expression data generated by microarray technology is a source of numerous biological applications such as
gene function prediction, disease diagnosis. Different data mining techniques have been applied (such as clustering,
biclustering, classiﬁcation) to analyze gene expression data for these applications (Jiang, et al. 2004) (Ahmed, et al.
2011a) (Ahmed, et al. 2011b) (Das, et al. 2010) (Mahanta, et al. 2011a). The literature of gene expression data
is afﬂuent with numerous techniques addressing the applications of expression data. Construction of co-expression
network and extraction of network modules thereafter is another path that has turned up to be solution in some of
applications such as functional analysis of genes, analysis of regulatory relationship among genes.
Co-expression network is a graphical representation of mutual similarity of genes (with respect to a correlation
measure). A co-expression network can be deﬁned as a graph G = (V,E) where set of vertices V represents genes in
the expression data and each element in set of edges E represents an edge connecting a pair of vertices. In weighted
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co-expression network, the weight associated with an edge presents the amount of co-expression. In unweighed
network an edge between a pair of vertices indicates that correlation between the gene expression is greater than a
threshold. But in all these cases, the amount of co-expression between a pair of gene expressions is measured in
terms of correlation measure. But different correlation measures such as Pearson Correlation measure, Spearman
Rank correlation measure, Normalized mean Residue Similarity are quite different in terms of their ability to detect
different types of correlation.
As per the limited survey, we carried out on the literature of co-expression network, almost all the works focus on
positive correlation in the process of network construction. But negative correlation has got biological signiﬁcance in
gene expression data analysis (Dhillon, et al. 2003). So, we introduce here a measure NCNMRS(Negative Correlation
aided Normalized Mean Residue Similarity) that handles both positive and negative correlation among genes and
use this measure to evaluate amount of co-expression between a pair of genes while constructing an unweighed co-
expression network. A greedy algorithm is then used to extract network modules from the co-expression network.
The proposed work can be found advantageous in comparison to its counterparts in view of the following points:
(a)Proposed NCNMRS is capable of handling both positive and negative correlation, (b)Proposed work can be used
to construct co-expression network and also to extract network modules and (c)The results are highly biologically
enriched in terms of p and Q value.
2. Related Work
In the literature, a number of techniques have been proposed for gene co-expression network construction. When
inferring co-expression networks from gene expression data, the algorithms take a gene expression dataset as primary
input and then, by using a correlation-based proximity measure, construct the corresponding co-expression networks.
Frequently used correlation based measures are Pearson correlation coefﬁcient, Spearman correlation coefﬁcient and
Mutual information. While some studies attempted to apply algorithms directly to the adjacency matrices of networks
in order to partition network nodes into groups (Lee, et al. 2004, Zhu, et al. 2005), other studies have relied on
special purpose algorithms for identifying subnetworks with certain properties (Stuart, et al. 2003). Approaches
such as (Butte, et al. 2000b, Dhaeseleer, et al. 2000) used Pearson correlation coefﬁcient to extract the association
among genes in a co-expression network. The Spearman correlation coefﬁcient is used as a gene expression similarity
measure to construct co-expression network in (Dhaeseleer et al. 2000). (Butte, et al. 2000a, Steuer, et al. 2002) report
the use of Mutual Information to ﬁnd similarly expressed gene pairs in such networks. After calculating all pairwise
mutual information, a threshold mutual information (TMI) is chosen. Only those genes that were linked to others
with a mutual information higher than the threshold. In principle, nearly all gene co-expression network construction
methods fall into two categories- value based and rank based methods (Ruan, et al. 2010). In value based method,
two genes are connected if the similarity between their expression proﬁles is above a certain threshold. Rank based
methods utilize rank-transformed similarities to ﬁnd connectedness between two genes.
In gene co-expression network, different computational methods have also been applied to extract highly connected
groups of nodes which is generally termed as network modules. Genes in these modules participate in the same
biological process. Different methods that are used to extract network modules include Langfelder and Horvath
(Langfelder & Horvath 2008), Li and Horvath (Li & Horvath 2009), Chang et al. (Chang, et al. 2010), Rivera et al.
(Rivera, et al. 2010) and Xu et al. (Xu, et al. 2010).
Various algorithms to construct co-expression network use different correlation measures to evaluate amount of co-
expression between a pair of genes. These measures normally detect different types of correlations such as absolute
correlations, linear correlation, rank correlation. Most of the existing works focus on absolute and linear correlation.
But recently researchers have reported the signiﬁcance of negative correlation of gene expressions. But this correlation
has not been explored properly in gene expression data analysis.
3. The Algorithm
We introduce here NCNMRS measure based on NMRS (Mahanta, et al. 2011b) measure. This measure is aimed to
detect both positive and negative correlation among genes while extracting the network modules. An unweighted co-
expression network is initially constructed using the correlation measure and ﬁnally, network modules are extracted
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from this network using a greedy algorithm presented in section 3.3. The symbols used to explain the entire method
are presented in Table 1. The deﬁnitions presented next provide theoretical basis of the method.
Deﬁnition 1 Co-expression network is an undirected graph G= {V,E} where V corresponds to the set of genes and
each edge e ∈ E corresponds to a pair of genes gi, g j∈ G such that NCNMRS(gi,g j)≥δ .
Deﬁnition 2 Module connectivity, μc between a partial module p with genes {g1,g2, . . . ,gn} and a single gene g j is
deﬁned as,
μc(p,g j) =
∑ni=1A(i, j)
n
(1)
Deﬁnition 3 Gene connectivity between two genes gi and g j is deﬁned as the value of NCNMRS(gi,g j). The two
genes are connected if NCNMRS(gi,g j)≥ δ .
Table 1. Symbols used and their meaning.
SYMBOL MEANING
G Gene Expression Data
gi ith gene in G
δ Correlation threshold
λ Connectivity threshold
NMRS(gi,g j) NMRS between gi and g j
NCNMRS(gi,g j) Negative correlation aided NMRS
between gi and g j
A Adjacency matrix representing the
co-expression network
A(i, j) Adjacency value between gi and g j
in A
μ Extracted network modules
μi ith network module in μ
3.1. Negative Correlation aided Normalized Mean Residue Similarity
As introduced in Module Miner (Mahanta et al. 2011b), NMRS between genes gi=(a1, a2,..., an) and g j=(b1, b2,...,
bn) is deﬁned as,
NMRS(gi,g j) = 1− ∑
p
i=1 |ai−amean−bi+bmean|
2×max{∑pi=1 |(ai−amean)|,∑pi=1 |(bi−bmean)|}
(2)
where, amean is the mean of all the elements of gene gi, amean={a1+ a2+...+ an}/n and
bmean is the mean of all the elements of gene g j, bmean={b1+ b2+...+ bn}/n.
NCNMRS (Negative Correlation aided Normalized Mean Residue Similarity) is another form of NMRS that can
detect both positive and negative correlation between a pair of gene expressions. We deﬁne NCNMRS between a pair
of genes gi and g j as,
NCNMRS(gi,g j) =
{
NMRS(gi,g j) if NMRS(gi,g j)≥ 0.5
1−NMRS(gi,g j) if NMRS(gi,g j)<0.5
NMRS measure produces values in the range between 0 and 1. A value of 1 indicates a perfect correlation and a value
of 0 indicates that the pair of expressions are not correlated at all or they exhibit perfect negative correlation. To detect
negative correlation along with positive correlation, NCNMRS subtracts values closed to 0 from 1 to transform to a
high correlation score. NMRS can detect both linear and absolute correlation among genes. So, NCNMRS is also
capable of detecting both the types of correlation as well. Figure 1(a) presents a pair of gene expressions with NMRS
score 0 and NCNMRS score 1.
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(a) (b) (c)
Fig. 1. (a) A pair of gene expressions with NMRS value of 0 and NCNMRS value 1. (b) A correlated pair of gene expressions in terms of NCNMRS
is propagated for the formation of a network module. (c) Partial module p1 and a vertex v1 representing a gene with module connectivity of 0.67.
3.2. Construction of Co-expression Network
An unweighted co-expression network is constructed using NCNMRS correlation among genes. Construction of
the co-expression network involves an input parameter named Correlation threshold, δ . Each gene in G is represented
by a vertex in the co-expression network. An edge is drawn between a pair of vertices if the NCNMRS score of the
corresponding genes is more than δ . Adjacency matrix A that represents the co-expression network is constructed
by assigning 1 to A(i, j), if NCNMRS(gi,g j) ≥ δ and 0 otherwise. The detailed algorithm for construction of co-
expression network is given in Algorithm 1.
3.3. Extraction of Network modules
To extract network modules from the co-expression network, all the pairs of genes (gi,g j) are listed in sorted order
such thatNCNMRS(gi,g j)≥ δ . Then (gi,g j) corresponding to the next highest value in the list is processed at a time to
extend it to a complete network module such that none of gi and g j has been included in any of the network modules
extracted so far as shown in Figure 1(b). The extension of the pair of genes which can be considered as an initial
module to a complete network module involves another measure named module connectivity. module connectivity
evaluates amount of connectivity between a partial module and a gene. Figure 1(c) presents a scenario where a partial
module p1 with ﬁve genes is connected with gene corresponding to the vertex v1 with module connectivity amount of
0.67. This value is actually the ratio of total number of genes or vertices in p1 to the total number of genes in p1 that
are connected with v1.
The detailed algorithm for network module extraction is given in Algorithm 2.
Algorithm 1: Co-expression network construction
Input: G and δ
Output: A
1: for each pair of genes gi,g j ∈G where i=j do
2: if NCNMRS(gi,g j)≥ δ then
3: A(i,j)=1
4: else
5: A(i,j)=0
6: end if
7: end for
4. Experimental Results
We implemented the algorithm in MATLAB and tested it on four benchmark microarray datasets mentioned in
Table 2. The test platform was a SUN workstation with Intel(R) Xenon(R) 3.33 GHz processor and 6 GB memory
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Algorithm 2: Extraction of network modules
Input: G, λ and A
Output: μ
1: Find all pairs (gi,g j)∈ G, arranged in sorted decreasing order with respect to NCNMRS(gi,g j) such that NCNMRS(gi,g j)=0 and store these pairs in List.
2: μcount ← 1
3: for next pair (gi,g j) in List such that there exists no μk ∈ μ where gi ∈ μk or g j ∈ μk do
4: μcount ← μcount +1
5: μμcount ← {gi,g j}
6: while true do
7: tempset={g j ∈ G such that μc(μμcount ,g j)≥ λ and g j /∈ μμcount}
8: if |tempset| ≥0 then
9: Find gk such that μc(μμcount ,gk) is highest
10: μμcount ← μμcount ∪gk
11: else
12: break
13: end if
14: end while
15: end for
Table 2. Datasets used for evaluation.
Serial Dataset No. of Genes/ Source
No. No. of Conditions
1 Yeast Sporulation (Chu, et al. 1998) 474/17 http://cmgm.stanford.edu/pbrown/sporulation/
2 Yeast cell cycle (Spellman, et al. 1998) 689/72 Sample expression data in expander (Ulitsky, et al. 2010)
3 Arabidopsis Thaliana (Reymond, et al. 2000) 138/8 http://homes.esat.kuleuven.be/ sistawww/bioi/thijs/Work/Clustering.html
4 Subset of Yeast Cell Cycle (Cho, et al. 1998) 384/17 http://faculty.washington.edu/kayee/cluster
running Windows XP operating system.
4.1. Validation
The performance of the algorithm on four publicly available benchmark microarray datasets is measured in terms
of p value (Tavazoie, et al. 1999) and Q value (Benjamini & Hochberg 1995).
4.1.1. p value
Biological signiﬁcance of the sets of genes included in the extracted network modules are evaluated based on p
values(Tavazoie et al. 1999). p value signiﬁes how well these genes match with different GO categories. A cumulative
hypergeometric distribution is used to compute the p value. A low p-value for the set of genes in a network module
indicates that the genes belong to enriched functional categories and are biologically signiﬁcant. To compute p value,
we used the web based tool called FuncAssociate (Berriz, et al. 2003). FuncAssociate computes the hyper geometric
functional enrichment score based onMolecular Function and Biological Process annotations. The enriched functional
categories for some of the network modules obtained by our method on the datasets are presented in Tables 4, 5 and 6.
The co-expression network modules produced by the method contain highly enriched GO terms such as cytoplasmic
translation,structural constituent of ribosome,anatomical structure formation involved in morphogenesis,cell wall
assembly with p values of 4.68e-36, 1.27e-31, 1.27e-29, 1.27e-29 respectively. From the given p values, we can
conclude that the algorithm shows a good enrichment of functional categories and therefore project a good biological
signiﬁcance.
Table 3. Weightage of co-expression corresponding to some of the modules.
Datasets Modules Percentage Datasets Modules Percentage Datasets Modules Percentage
Dataset1 C1 75.07% Dataset2 C1 78.62% Dataset3 C1 74.99%
C2 82.24% C2 83.89% C2 80.13%
C3 81.39% C3 80.09% C3 83.27%
C4 78.13% C4 78.93%
4.1.2. Q value
The Q-value (Benjamini & Hochberg 1995) for a particular gene G is the proportion of false positives among
all genes that are as or more extremely differentially expressed. Equivalently, the Q-value is the minimal False
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Table 4. p-value of some of the network modules for Dataset 1.
Network Module P-value GO number GO category
M1 2.82e-28 GO:0070726 cell wall assembly
5.92e-27 GO:0030476 ascospore wall assembly
5.92e-27 GO:0042244 spore wall assembly
5.92e-27 GO:0071940 fungal-type cell wall assembly
2.22e-28 GO:0010927 cellular component assembly involved in morphogenesis
3.28e-29 GO:0048646 anatomical structure formation involved in morphogenesis
7.92e-24 GO:0030154 cell differentiation
7.92e-24 GO:0030435 sporulation resulting in formation of a cellular spore
7.92e-24 GO:0043934 sporulation
5.35e-22 GO:0032502 developmental process
M2 6.69e-24 GO:0043228 non-membrane-bounded organelle
6.69e-24 GO:0043232 intracellular non-membrane-bounded organelle
2.90e-25 GO:0005198 structural molecule activity
1.27e-31 GO:0003735 structural constituent of ribosome
1.80e-29 GO:0005840 ribosome
4.68e-36 GO:0002181 cytoplasmic translation
2.72e-21 GO:0022625 cytosolic large ribosomal subunit
M3 6.12e-24 GO:0006412 translation
7.49e-23 GO:0043228 non-membrane-bounded organelle
7.49e-23 GO:0043232 intracellular non-membrane-bounded organelle
7.53e-14 GO:0015935 small ribosomal subunit
1.55e-17 GO:0015934 large ribosomal subunit
Table 5. p-value of some of the network modules for Dataset 2.
Network Module P-value GO number GO category
M1 4.17e-17 GO:0000788 nuclear nucleosome
9.00e-16 GO:0000786 nucleosome
1.11e-11 GO:0006334 nucleosome assembly
3.46e-10 GO:0031298 replication fork protection complex
1.10e-13 GO:0032993 protein-DNA complex
1.41e-10 GO:0065004 protein-DNA complex assembly
5.51e-10 GO:0005694 chromosome
2.49e-12 GO:0044454 nuclear chromosome part
6.83e-10 GO:0044427 chromosomal part
M2 6.53e-08 GO:0007049 cell cycle
2.92e-09 GO:0006260 DNA replication
2.56e-07 GO:0044427 chromosomal part
7.81e-08 GO:0006259 DNA metabolic process
3.67e-07 GO:0022402 cell cycle process
1.08e-06 GO:0051301 cell division
6.93e-08 GO:0007049 cell cycle
Table 6. p-value of some of the network modules for Dataset 4.
Network Module P-value GO number GO category
M1 1.60E-08 GO:0005935 cellular bud neck
4.64E-12 GO:0007049 cell cycle
8.07E-09 GO:0030427 site of polarized growth
9.19E-08 GO:0051301 cell division
4.33E-11 GO:0022402 cell cycle process
6.15E-09 GO:0006259 DNA metabolic process
M2 3.53E-09 GO:0005935 cellular bud neck
2.83E-09 GO:0030427 site of polarized growth
2.21E-11 GO:0007049 cell cycle
1.00E-10 GO:0006974 response to DNA damage stimulus
2.41E-08 GO:0006281 DNA repair
4.57E-09 GO:0006259 DNA metabolic process
1.64E-08 GO:0051716 cellular response to stimulus
Table 7. Q-value of some of the network modules for Dataset3.
Module GO annotation Q value Module GO annotation Q value
M1 microbody 1.35E-17 M2 fatty acid catabolic process 4.52E-9
peroxisome 1.35E-17 lipid oxidation 4.52E-9
lipid oxidation 1.59E-16 fatty acid beta-oxidation 4.52E-9
fatty acid oxidation 1.59E-16 fatty acid oxidation 4.52E-9
lipid modiﬁcation 3.19E-16 lipid modiﬁcation 5.29E-9
monocarboxylic acid catabolic microbody 1.015E-8
process 3.55E-16 peroxisome 1.015E-8
fatty acid beta-oxidation 1.20E-14
fatty acid catabolic process 4.69E-14
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Discovery Rate (FDR) at which this gene appears signiﬁcant. The GO categories and Q-values from a FDR corrected
hypergeometric test for enrichment are reported in GeneMANIA (Mostafavi, et al. 2008). Q-value of some of the GO
enriched network modules produced by our method for Dataset 1 and Dataset 3 are presented in Table 8 and Table
7 respectively. The co-expression network modules produced by the algorithm contain the highly enriched GO terms
such as cytosolic ribosome, cytoplasmic translation, structural constituent of ribosome, preriribosome with Q-values
1.33E-61, 7.15E-58, 4.67E-55, 1.06E-33 respectively. From the results of Q value, we arrive at the conclusion that
the genes in a network module obtained by our algorithm seem to be involved in similar functions.
Table 8. Q-value of some of the network modules for Dataset1.
network Module GO annotation Q value
M1 sporulation 4.11E-28
anatomical structure formation involved in morphogenesis 4.69E-28
cellular component assembly involved in morphogenesis 1.18E-27
anatomical structure development 7.21E-27
anatomical structure morphogenesis 7.21E-27
sexual sporulation 1.19E-26
sexual sporulation resulting in formation of a cellular spore 1.19E-26
cell wall assembly 1.23E-26
ascospore formation 1.44E-26
M2 cytosolic ribosome 1.33E-61
cytoplasmic translation 7.15E-58
structural constituent of ribosome 4.67E-55
cytosolic part 1.33E-53
cytosolic large ribosomal subunit 1.28E-36
large ribosomal subunit 5.74E-30
cytosolic small ribosomal subunit 9.504E-23
small ribosomal subunit 3.45E-18
M3 preribosome 1.06E-33
nucleolus 1.22E-30
rRNA processing 5.78E-19
rRNA metabolic process 1.68E-18
90S preribosome 1.59E-17
preribosome, large subunit precursor 1.21E-15
nucleolar part 1.28E-15
Given a query list, GeneMANIA extends the list with functionally similar genes that it identiﬁes using available ge-
nomics and proteomics data. GeneMANIA displays results as an interactive network, illustrating the functional relat-
edness of the query and retrieved genes. GeneMANIA currently supports different networks including co-expression,
physical interaction, genetic interaction and co-localization. On a given set of genes and their connectivity infor-
mation, GeneMANIA assigns a percentage weight to each of these networks. The percentage of co-expression on
network modules produced by the proposed method is given in Table 3. The values are obtained by choosing the
default network weighting option, i.e., automatically selected weighing method.
In this paper, we try to design algorithms to construct co-expression network and to extract network modules that
handles both positive and negative correlation. Positive correlation covers both absolute and shifting correlations. The
network modules generated by the algorithms have been biologically validated in terms of p and Q value. Visualization
of some of the network modules are presented in Figure 2. This is clear from the ﬁgures that the modules can detect
the claimed correlation quite satisfactorily.
5. Concluding marks and future direction
We have presented a method to construct co-expression network using NCNMRS correlation measure that handles
both positive and negative correlation. A greedy technique is also proposed to extract network modules from the
co-expression network. The modules exhibit high biological signiﬁcance that presents the importance of negative
correlation and effectiveness of our algorithms. NCNMRS operates in the whole set of samples, a work is underway
to apply negative correlation in subspaces of co-expression network.
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(a) (b) (c) (d) (e) (f)
Fig. 2. Visualization of some of the network modules of Dataset 1 (a-c) and Dataset 2 (d-f)
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